Motivation: Like most human diseases, tumors are complex traits, the genesis and development of which recruit a number of genes and several important biological processes. As proteins involved in common processes tend to be centralized in the same local area of protein-protein interaction networks, here a novel framework has been developed to identify which areas of the networks are most relevant to a phenotype. Results: These areas termed 'coherent modules' can be regarded as gene sets dynamically defined in the networks. Compared with previous analogous approaches, one critical feature of our method is the optimization of coherent modules for two distinct aspects balanced by tuning a parameter in the framework. First, we seek the low coupling between coherent modules and then maximize the intrinsic similarity within a module. The framework has good expansibility, with classical expression data analysis methods generalized as particular cases. This coherent module approach was applied to an oral cavity tumor dataset with 18 significant coherent modules identified, which could indicate the presence of lymph node metastasis. Further examination shows that most of the modules are responsible for comparatively independent biological processes. Our framework is helpful for the prognosis of tumors and offers a new perspective for tumor research.
INTRODUCTION
A major goal of systems biology is to understand how components in biological systems dynamically interact with one another and how they give rise to the functions and behavior of the entire system. Over the last decade, the accumulated interactome data have provided us a global landscape of how proteins may interact with one another (Ideker and Sharan, 2008) . However, little is known about the dynamic properties of the networks, which is critical in understanding how the system acts or responds to external stimuli. To address this question, considerable efforts have been made to integrate interactomes, transcriptomes and even phenomes. It has been shown that many genes differentially expressed in certain * To whom correspondence should be addressed.
conditions or phenotypes are often associated with certain network properties, or present in robust modules. (Chuang et al., 2007; Ideker et al., 2002; Wachi et al., 2005; Walhout et al., 2002; Xia et al., 2006) .
Inspired by these findings, computational methods have been developed to identify functional modules that are most sensitive to the physiological condition or phenotype of interest. These methods are mainly in the 'vertex-based' (Cabusora et al., 2005; Ideker et al., 2002) and 'edge-based' (Guo et al., 2007; Maraziotis et al., 2007) fashions. The major difference between the two fashions is that weights are overlaid on vertexes for the former and on edges for the latter when seeking functional modules and algorithms for identifying functional modules will vary with the fashion adopted. Our algorithm is developed from the 'edge-removal' algorithm.
Recently considerable 'edge-removal' algorithms have been developed to find functional modules in networks. The notion is that the few edges lying between modules pose 'traffic bottlenecks' when travelling from one module to another, so if these edges can be identified and removed, then the networks will be naturally separated into isolated parts (Girvan and Newman, 2002) . The original strategy of Girvan and Newman et al. was improved in many aspects by several groups (Radicchi et al., 2004; Rives and Galitski, 2003; Xiong et al., 2005) . However, they failed to overlay weights upon edges of networks, so it was impossible to integrate the gene expression information into the cutting of edges among modules. After that, Pereira-Leal et al. calculated the weight of an edge from experimental evidence supporting the interaction, which is hardly related to functional relationships of the two genes (PereiraLeal et al., 2004) . In another study, the 'dissimilarity' between the expression profiles of two genes was considered as the weight of the edge (Chen and Yuan, 2006) . However, these methods use either topological or biological information but not both to define the edge weights.
Here, we introduced a revised edge-removal framework to identify coherent modules by simultaneously maximizing the intrinsic biological similarity within a module and minimizing the inter-module coupling at the network topology level. And the definition of node similarity metric may vary with different conditions. Here, we use the term 'coherent modules' to distinguish them from static modules identified solely based on protein-protein interactions (PPIs). A coherent module usually consists of vertices with dense interconnections and similar expression profiles, and different modules are loosely connected. Remarkably, in above algorithms, the proportion of the biological information to the topological information is fixed when forming weights on vertexes or edges. However, our algorithm proposes a general framework, in which the proportion can be adjusted based on diverse conditions. Our framework was tested on the expression dataset (O'Donnell et al., 2005) of 22 oral cavity primary tumor samples, 14 of which being known as 'lymph node metastasis'. The results suggest that our framework is an effective tool to integrate the expression data and the network modularity; and our algorithm identifies smaller and denser modules with much higher biological relevance; the gene set defined dynamically in the network context is flexible; moreover, our algorithm has good expansibility with classical clustering and expression data analysis methods being its particular cases; particularly, among the significant coherent modules identified, we have found quite a few metastasis related genes, e.g. IP1, PSMA2-7, LSM1, MARCKS, CYP (cytochrome P450) epoxygenase, which have been experimentally confirmed, and mechanisms acting on stages within the process of the metastasis; furthermore, our algorithm could find significant genes that can not be found by single-gene analysis.
METHODS

The dataset and preprocessing
There has been an increasing rate of oral cancer occurrence in recent years. As treatments for the primary and metastatic oral cancer are distinct from each other, it is essential to indentify genetic markers related to the metastasis for prognostic or therapeutic purposes. The microarray data of oral cancer used in this article is from the GEO database (series GDS1062) (Barrett et al., 2007; O'Donnell et al., 2005) . It includes 22 primary squamous cell carcinomas samples for the oral cavity, of which 14 samples were known as 'with lymph node metastasis'. For each sample, the expression values were adjusted using global median normalization and log transforms. The protein-PPI data was downloaded from HPRD (release 7) (Mishra et al., 2006) , which includes 7764 proteins and 28 149 interactions. Interactions only validated by yeast two-hybrid experiments were excluded.
The similarity metric between nodes
For each gene, we first perform the F-test to assess the significance of its expression difference between the 'metastasis' and 'no metastasis' groups. For each case that a gene corresponds to several probes, we use the mean value against each sample of the probes to represent the expression of this gene. Gene-specific P-values are used to define the similarity metric between genes as follows:
where p i and p j are the P-values of genes g i and g j . It indicates the functional association of the genes in the context of metastasis and nodes both with small P-values tend to appear in the same module.
The adapted edge-removal algorithm
Consider an undirected graph G = (V ,E) where V and E denote the sets of vertices and edges, the algorithm illustrated in Figure 1 is described as follows.
(1) For a pair of vertices v s and v e , a breadth-first search is made to find the shortest path(s) between them. We assign a weight score s = (m−corr(v s ,v e )/l c )/N to every edge in these paths, where corr(v s ,v e ) is the similarity metric of v s and v e , l is the length and N is the total number of shortest paths, and m ≥ 0, c ≥ 1 are two tuning parameters that will be discussed later.
Fig. 1.
A simple illustrative example of the algorithm. The color of a node denotes the degree of the association with the metastasis for the node, while the length of each edge is proportional to its W score.
(2) We enumerate all possible vertex pairs (v s , v e ) within the network and run step (1). It gives a betweenness-like score W to every edge by summing the sore s over all possible paths.
(3) Remove edges in the graph with W larger than (1−r)×W avg +W max , where W avg and W max are the average and maximum W of all the edges and r is another tuning parameters ranging between 0 and 1.
(4) Run step (3) repeatedly until the graph is no longer fully connected.
(5) For each separate subgraph, check its statistical significance as a 'coherent module', details on which is explained later. If no significance is detected, repeat steps (1), (2), (3) and (4) until the subgraph is separated into significant coherent modules or single nodes.
The edges in the connection-sparse parts or between parts with different colors tend to have large W and, thus, have priority over the others for removal. The role of the weight score s of an edge can be demonstrated in the two extreme cases. When the tuning parameter mis approaching positive infinity, the contribution of corr(v s , v e )/l c to W is negligible and therefore W degenerates to be a conventional betweenness score. In this case (Supplementary Material 1, Fig. 5a ), the topological structure is the only deterministic factor in separating modules, which gives edges between tightly connected parts a higher probability of being removed. On the other hand, when mis zero (Supplementary Material 1, Fig. 5b ), W is determined by −corr(v s , v e )/l c solely and therefore is more subjected to the similarity metric between nodes. It therefore tends to identify modules consisting of nodes with higher similarities and shortest paths. The other tuning parameter c, here, is a scalar to adjust the effective range of the similarity metric.
Significance assessment of 'coherent modules'
The significance evaluation takes both the topological modularity and node similarity metric into account. We define an average similarity score for a given graph, G s = (V s ,E s ) as follows:
where corr(i, j) is a predefined similarity measure usually from the expression profile data and n s denotes the number of nodes in the graph. We expand G s by including all the direct neighbors of G s . The new graph is denoted as G e and n e is the number of nodes in G e . A small ratio of n e /n s suggests a high isolation of G s .
For control purposes, we permutated the expression features of each node in G e using a bootstrap resampling strategy. Features are re-sampled from the Phenotype-associated modules in an oral cavity tumor whole network, which can be either numbers, such as P-values (in this case), or vectors, e.g. expression profiles; these artificial sets of features are then used to recalculate the node similarities. Then we enumerate each subgraph with n s nodes and calculate its average similarity score.
The Finally, we repeat step 2 and 3 for T times and count the number of times for which corr max is larger than the real corr(G s ), denoted C. The probability of C/T is used to indicate the significance of G s .
RESULTS
For each gene that was present both in the interaction and expression datasets, we calculated its gene-specific P-value to indicate the significance of its expression difference between the 'metastasis' and 'no metastasis' groups. The all-against-all calculation was then performed to obtain the node similarities after calculating P-values. In all, 6329 × (6329 − 1)/2 similarities were calculated with a mean of 0.60 and a SD of 0.62. After that, the edge removal algorithm was used to search the coherent modules in the network context. The algorithm parameters based on the node similarity statistics were set as: m = 0.6, c = 2, r = 0.8. For the sake of efficiency, we ignored edges that connect nodes with P-values larger than 0.5 in the edge-removal step. As a result, 18 coherent modules in total were identified at the significance level of 0.05 (listed in Supplementary Material 2). All except two modules (modules 4 and 6) were further supported by the functional enrichment analysis by TANGO (Sharan et al., 2003) , the software that performs hyper-geometric enrichment tests with corrections for multiple testing. The latter results are listed in Supplementary Material 3.
Multiple methods comparison
A variety of expression data analysis methods have been developed in recent years to mine the extensive biological knowledge in the mass data generated by large-scale microarray experiments.
In Figure 2a , single-gene based differential expression analysis treats genes as isolated individuals absolutely ignoring relationships between them. The differential expression analysis can be considered as a particular case of our coherent module model. For a network without any edges, the coherent module algorithm will jump over the edge removal steps and directly perform a statistical significance test for each node. Neglecting relationships between genes may lead to results without biological meaning. The function of a single gene is often vague. Moreover, some significant expression changes for a single gene probably just result from noise.
Unsupervised clustering analysis is another widely used method to reveal groups of genes with significantly correlated expression patterns, regardless of network information as well. Considering an extreme case where the network is totally connected, as in Figure 2b , every node in such a network has an equal contribution to the overall topological structure, thus the network does not provide any information for coherent module optimization. In this circumstance, coherent modules identified by our algorithm tend to be consistent with the ones identified by hierarchical clustering method (Supplementary Material 4) , indicating that the latter also can be generalized as a particular case of our model. Conversely, one can predefine some sets of genes based on prior annotations and assess their significance in differential expression as a whole. Several computational approaches in this aspect have been developed, e.g. GSEA and SAFE. Compared with analyses of single genes, these methods have evident advantages. However, they define relationships between genes in a simple manner as 'in the same set' or 'not in the same set', which causes the gene sets to be isolated from one other, and genes within the same set are totally connected (Fig. 2c) . Genes of a significant coherent module identified by our framework are apt to be a portion of a process. To check whether entire processes are significantly correlated with 'metastasis', 18 processes shared by both GSEA gene sets and our significant coherent modules were tested in GSEA. As a result, two processes were identified to be significant (nominal P-value > 0.05) indicating that, in many cases, the entire gene set may be insignificant, while its subset is significant. The test results exhibit another advantage of the coherent module approach that significant subset missed in traditional gene set analyses will probably be captured by the coherent module approach. On the whole, compared with the gene sets analyses, the network concept is a more sophisticated and flexible model to describe relationships between genes. The definition or weight of edges in the network can be customized according to different purposes or prior knowledge. The diversity of similarity definition and the network flexibility endow the coherent module framework with good expansibility.
Here, we compared the performance of our framework with Gxna (gene expression network analysis) (Nacu et al., 2007) , CLICK (Sharan et al., 2003) and Random (Table 1) . Gxna seeks functional modules integrating gene expression and network information, while CLICK clusters genes solely based on gene expression information. 'Random', here means that we randomly assigned gene-specific Pvalues to network nodes, and performed our algorithm, then repeated the above process for 10 times. The results of 'Random' are the average values of the 10 repeats. Metastasis significance of a module is the average gene-specific P-values of all nodes in the module, and Metastasis significance of all significant modules is the average significance of these modules. It measures the ability of each method to distinguish metastasis related genes from unrelated ones. The edge density of a graph is the ratio of its edge number to the number of all possible pairs (Ulitsky and Shamir, 2007) . The Clustering coefficient of a node is the ratio of the number of interactions among its neighbors to the number of interactions that can possibly exist between them. The Clustering coefficient of a module is the average coefficient of all nodes in the module. Two coefficients above measure whether each significant module identified is a small and dense sub-network or not. Using TANGO, we assessed the functional enrichment significance of the modules identified in each method and calculated the percentage (enrichment percentage) of modules with significant functional enrichment after correcting for multiple testing.
As can be seen, our algorithm works much better than any other methods in revealing metastasis relevant modules, even though with similar module sizes. Moreover, significant modules obtained from our framework are denser and smaller, and thus easier for follow-up experimental studies. As expected, CLICK clusters genes solely based on expression data, not including any network data, so it could hardly generate small and dense clusters. Gxna also yielded small and functionally enriched modules, but they are looser and have lower metastasis significance. Lastly, the Random yield small and dense modules, but the fraction of enrichment modules and the metastasis significance are obviously less than others. The phenomenon shows that using our network partition algorithm solely based on network data could also produce dense and small modules, but functional relationships between genes in a module are extremely poor as well as the capacity to distinguish metastasis related genes. Figure 3 illustrates some module positions in the network. Since the entire network is very large, we only display the nodes within these modules and all their adjacent genes. Figure 3 shows that coherent modules have two common features of comparatively sparse connections with external and red node enrichment. These features are a compromise between two distinct optimizations. Sparse connections with externals ensure that each module has relatively independent biological function. As Figure 3 shows, the genes involved in common biological processes tend to gather in the same local areas of the network, some of which correspond to protein complexes or classical pathways. On the other side, the red nodes enrichment suggests that genes within each module are strongly Fig. 3 . Some module positions in network drawn by Cytoscape (Cline et al., 2007) . The color of each node denotes the P for the corresponding gene. The Color gradual change from green to red indicates the continuous logarithmic P (log 0.1 P) from 0.0 to 1.0. Wide blue lines label interactions within each module for marking the range of modules.
The identified coherent modules
correlated with the 'lymph node metastasis'. For some coherent modules, although few genes of the modules pass the rigorous significance test (P-value < 0.01 ) in the single-gene analysis, on the whole, these modules possess significantly smaller P-values than random assignments, which also implies that a correlation may exist between the modules and their corresponding phenotypes.
Biological significance
According to GO (the Gene Ontology) annotations, the genes in module 5 participate in different processes, while they are tightly connected. We use this module illustrated in Figure 4 as an example to show that seemingly not very interesting groups of genes can actually convey important information. Among these genes, it is reported that overexpression of CYP epoxygenase can promote tumor metastasis independent of effects on tumor growth, and members of the CYP which make up the most part of this module are implicated to play a role in cancer metastasis (Jiang et al., 2007) .
Significant overexpression of CYP2C19 and CYP17A1 in the 'metastasis' group indicates their strong relationships with the metastasis. Except for direct metastasis related genes, there exist some genes which regulate biological processes that are recruited in the caner metastasis. Carboxypeptidase M (CPM) is a membranebounded arginine/lysine carboxypeptidase, which influences the binding of epidermal growth factor (EGF) and its receptor (EGFR) through hydrolyzing the C-terminal arginine of EGF, while NRG1-induced activation of ErbB3 via EGFR improves ErbB3's heterodimerization with ErbB2 which promotes tumor growth and metastasis (Ueno et al., 2008) . As to CYB5A and CYB5P3, they tend to bind CYC1 to form cytochrome bc1 complex which reduces cytochrome c in mitochondrial respiratory chains, while cytochrome c initiates apoptosis via regulating apoptosis related genes such as CASP9, BCL2 and so on. Owing to underexpression of CYB5A and CYB5P3 in the 'metastasis' group, they may suppress the process of metastasis through activating the apoptosis. According to GO annotations, genes in the module 5 perform diverse functions and seem unrelated to the metastasis. As a result, they should be assigned to different modules. Actually, they could act on the metastasis via regulating metastasis related processes e.g. cell growth and apoptosis. The example further confirms the advantage of dynamically defining the gene set in the network context.
Oral cavity squamous cell carcinoma has been the fourth most common type of cancer among men world wide (Chen et al., 2008) . However, little is known about its prognostic or therapeutic markers. Particularly, the treatment for the cancer with metastasis is distinct from the one without metastasis. Therefore, it is desirable to find out metastasis related genes or gene sets for helping with the diagnosis and the cancer treatment. The process of the lymph node metastasis mainly includes several stages as follows.
(1) Separation of single tumor cells from the solid tumor.
(2) Secretion of lymphangiogenic cytokines.
(3) Invasion of the extracellular matrix, the lymphatic lumen and the cortex of the lymph node.
(4) Extravasation.
Some genes in our significant coherent modules have been shown to be related to the metastasis by previous experimental studies. SIP1 in module 1 interacts with SMADs and the transforming growth factor (TGF)-β signal pathway via SMADs, which is required for tumor invasion and metastasis formation. PSMA2-7 are all subunits of the human 26S proteasome, and the activated proteasome is reported to be related to the cancer metastasis, the mechanism of which will be discussed in detail below. LSM1 in module 3 is reported to be both oncogenic and tumor suppressor-like, and expression of other LSM proteins are affected by LSM1 overexpression in cancer. MARCKS is a well known metastasis inhibitor (Palm et al., 2005) . Furthermore, as mentioned before, CYP epoxygenase in module 5 is reported to promote tumor metastasis. Particularly, our algorithm could identify metastasis related genes that cannot be found by single-gene analysis. For example, between the 'metastasis' and 'no metastasis' group, the expression differences of genes SIP1 and MARCKS are insignificant, while they have been experimentally confirmed associated with the metastasis. Some genes could be potential candidates that act on stages within the process of metastasis. For example, the 26S proteasome, with PSM2-7 in module 2 as its subunits, degrades short-lived proteins such as NF-κB. And the activated NF-κB controls the expression of the CAMs (cell-cell adhesion molecules) involved in tumor metastasis and angiogenesis (Almond and Cohen, 2002) . Based on this mechanism, great efforts have been made to develop proteasome inhibitors as anti-cancer drugs. Within module 7, seven genes participate in the BCR (B-cell antigen receptor) signaling and another nine genes in the TCR (T-cell antigen receptor) signaling, both of which activate NF-κB and therefore potentially regulate the CAMs.
In module 8, it is known that HGF is one of the major lymphangiogensis factors, while SPINT1 and Hepsin (HPN) regulate its activity.
In addition, a group of genes in module 8, e.g. ST14, PLAU and CLEC3B, are associated with extracellular matrix degradation which is required in the metastasis stage of invasion into the extracellular matrix.
In the stage of invasion of the lymphatic lumen, tumor cells are exposed to versatile environments in lymphatic vessels, therefore required higher abilities to escape from apoptosis, resulting in the importance of apoptosis related genes in the metastasis. All genes in module 9 and YMHAZ, YMHAE, YMHAQ, YMHAB in module 11 are related to the cell cycle, and thus supposed to be downstream effectors of the apoptosis genes. Moreover, both modules 12 and 17 are composed of genes related to TNF. Experimentally, involvement of TNF in tumor metastasis has been confirmed in many cases.
DISCUSSION
Here, we introduced a novel framework for identifying functional coherent modules by integrating PPI data with microarray expression data. In our framework, the weight of an edge considers both the similarity metric based on the expression data and the topologic properties from the PPI data. Furthermore, the definition of the similarity metric can be flexibly adjusted. Among the adjustable parameters, m is to separate loosely connected parts of the network, c is to adjust the effective range of the similarity metric, and r is to adjust the critical weight during the edge partition. Particularly, the effects of m and c on partition are opposite, thus requiring a balance between them. In this article, m = 0.6, c = 2 and r = 0.8. Longer the distances between nodes are, weaker in strength the interactions between them are. When c is no less than 3, for all the values of c, their effects are analogous for the range of the similarity metric and neglect the nodes which have relatively short distances, and 2 is the suitable value for c. Further, m is set to 0.6 which is approximately equal to the mean value of similarities between nodes in the whole network. For another parameter r in the formula (1− r) × W avg + r × W max ,0 < r < 1, the parameter is desirable to be set relatively high for well performance of the algorithm. In addition, we find out that the coherent modules identified are relatively stable when r is close to 0.8. We argue that present expression analysis methods, e.g. differential expression analysis, clustering analysis and gene sets analysis methods, can be treated as particular cases of our algorithm, indicating the expansibility of our framework. We applied our algorithm to an oral cavity tumor, and the significant coherent modules identified were mainly certified to be related to the metastasis. It took about 4 h to run on a 3.16 GHz Pentium platform for 6329 genes, that is, 7764 nodes in the network. When compared with other typical methods, our algorithm is able to identify functionally enriched modules as efficiently as them, but has more flexibility on defining similarity metric between genes. Among the significant coherent modules identified by our algorithm, several genes have been experimentally confirmed as being associated with the metastasis and presumable mechanisms regulating the metastasis were included as well. Though several modules do not show direct relationships with the metastasis, they contain potential candidates whose roles are worth further investigation. For example, modules 1, 3 and 10 include genes that participate in RNA processing, a crucial process in most cellular activities. Most of genes in module 1 are related to mRNA spliceosome (Supplementary Material 5), which is reported to be differentially expressed in various cell types and can be used as a marker for these all types (Grosso et al., 2008) . For module 10, as there are some genes directly related to the metastasis, the RNA processing molecules may carry out their functions by being regulated by the metastasis related genes. That is to say, these three modules are involved in pathways that control the metastasis but do not necessarily determine the metastasis.
In the future, we intend to apply our framework to various diseases, in particular, to different conditions simultaneously used by Ideker et al. (2002) . We believe that it will probably be an effective mode that integrating different information mined from diverse data for studying a certain disease.
